ABSTRACT The process of hydrometallurgical has the characteristics of many sub-processes with complicated reaction mechanism and long process flow. How to keep the hydrometallurgical process running in the state of optimal economic efficiency is the difficulty task. In this paper, a method based on industrial big data is proposed to compensate the production index of the hydrometallurgical process. Based on the current production index, the just-in-time learning (JITL) idea is used to establish the model that describes the relationship between the compensation value and the economic benefit increment. Then, the compensation value of the current production index is calculated, and the result is applied to the production process. The simulation and offline experiment results verify the effectiveness of the proposed method.
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I. INTRODUCTION
With the continuous development of the world economy, high-grade mineral resources are gradually depleted, and low-grade ore components are complicated and difficult to handle. At the same time, the awareness of environmental protection in the entire human society, especially in developing countries, is increasing, and the metallurgical industry producing highly pollutes and highly discharges is unsustainable. Due to its advantages of sustainability, low pollution and suitable for low-grade raw ore, the hydrometallurgical process is increasingly used in the field of non-ferrous metal smelting such as gold refining, and has achieved good economic and social benefits.
In the field of the whole process optimization control of hydrometallurgy, many researchers have done related works. L.R.P.de Andrade Lima, in 2005, based on the leaching process mechanism, used the experimental data to establish a static mechanism model of the gold hydrometallurgical leaching process [1] , then, using the model to optimize the economic benefits of the leaching process [2] ,and discussing the impact of different leaching equipment arrangement on leaching production [3] . C.P.K. Dagadu, in 2012, used the The associate editor coordinating the review of this manuscript and approving it for publication was Laurence T. Yang. isotope method to estimate the residence time of the slurry in the leaching equipment and used it to estimate the reaction rate of gold [4] . Qingyun Yuan, in 2015 , established a gold hydrometallurgical whole process mechanism model based on the gold hydrometallurgical process of a gold refinery [5] . Jun Zhang, in 2015, proposed a real-time optimization method based on SCFO for the gold hydrometallurgical leaching process to ensure that the leaching process is running at an optimal state [6] . Yan Liu, in 2014, proposed a TPLS-based method for evaluating the state of the whole process of gold hydrometallurgical process to evaluate the current production operation status [7] . It can be seen from the above that the current research on the gold hydrometallurgical production process mainly focuses on process modeling, optimization and basic control. However, due to the characteristics of hydrometallurgical process production, there is a mismatch between the established process model and the actual production process. The optimization results obtained by the model-based optimization method are not the optimal solution of the actual process when applied to the actual process.
In recent years, with the improvement of the factory's basic automation level, a large amount of production data is stored in the factory production database. How to effectively use these industrial big data has become a research hotspot.
Li Haibo proposed a hybrid intelligent optimization setting control method for flotation process, and found the set point suitable for the current working condition from the historical data [8] . Gui Weihua proposed a copper flash furnace setting method based on the operation mode, extracted the operating mode from the data, and then set the parameters according to the current production status of the operating mode [9] . JF MacGregor, reviewed the application of data-based latent variables in process analysis, monitoring and control [10] . The application of latent variable model and big data in industrial process was introduced [11] . F.Yacoub proposes a data-driven optimization in which the nonlinear PLS method is used to model the production process, and fulfilling the optimization of the production process completely based on the data model. These methods make full use of the advantages of data-based methods, but there are also shortcomings of the poor interpretability and weak generalization ability of data-based methods [12] - [15] .
Hydrometallurgical process is characterized by complex reaction mechanism, long process flow and numerous process units. When the production index is implemented to the actual hydrometallurgical process, it is difficult to achieve satisfactory economic benefits owing to the plant-model mismatch. Therefore, it is necessary to compensate and adjust the set-point of the production index. Considering the complexity of the actual hydrometallurgical process, there is no relevant research on the method of compensation for production index for actual production. How to adjust the production index to make the economic benefits of the hydrometallurgical production process optimal becomes the difficulty task. The production index is usually adjusted through production experience, which is inefficient and blind. This paper proposes a method for automatically compensating the production index of the whole process of hydrometallurgy based on industrial big data, resulting in the improvement of the economic benefit of the production process gradually.
The main sections of this paper are organized as follows: Section 2 describes the hydrometallurgical production process. Section 3 describes the plant-wide optimization setting compensation problem. Section 4 introduces the data based optimization setting compensation method. Section 5 applies the method to the hydrometallurgical process and the results are analyzed. Section 6 presents conclusions.
II. DESCRIPTION OF HYDROMETALLURGICAL PROCESS
The flow of a hydrometallurgical process is shown in Figure 1 . As depicted in Figure 1 , the hydrometallurgical production process flow of the gold refinery is long and the process has many sub-processes. The ore mine enters the copper-rich production line and the sulfur-rich production line after the grinding and grading process and the separation flotation process. In the copper-rich concentrate production line, the copper-rich pulp from the separation flotation process enters the copper-rich thick dehydration process, and is adjusted to a suitable concentration of slurry to enter first leaching process. The copper-rich noble liquid in the first leaching process enters the copper-rich replacement process, and the cyanide slag from the first leaching flows into the secondary leaching process, and the copper-rich noble liquid in the secondary leaching step enters the copper-rich replacement step. The high-sulfur concentrate from the separation flotation enters the sulfur-rich thick dehydration process, and is adjusted to a suitable concentration of the slurry to enter the sulfur-rich leaching process. The sulfur-rich precious liquid enters the sulfur-rich replacement process.
The production index of a gold refinery are shown in Table 1 , where Q = [q 1 , q 2 , q 3 , q 4 , q 5 , q 6 , q 7 , q 8 , q 9 , q 10 ] is production index, and 12 ] is consumption index. In actual production, the production index of each process are first determined, and then consumption index is adjusted to achieve the set value of the production index. The economic benefit of the gold refinery is determined by the quality index and the consumption index.
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III. PLANT-WIDE OPTIMIZATION COMPENSATION PROBLEM
In actual production, economic benefits J are adjusted by adjusting the setting of production index. The problem of optimizing production economic benefits can be described as follows [16] , [17] :
In the formula, F(Q, C) = 0 is the steady state model of the process. Q L and Q U respectively are the upper and lower bound of the production index. Ideally, by solving the optimization problem in (2), the optimal production index can be obtained. According to the analysis of the production process in Section 2, the gold refinery has a long production process, a complicated mechanism, many sub-processes, and mutual coupling. Due to model mismatch and other reasons, the resultQ of solving optimization problem in (2) is not the optimal Q * of the actual process [18] , [19] . Obviously, when Q is applied to the actual process, it is difficult to achieve the optimal economic benefit of the actual process J (Q * ). This study adopts the idea of iterative compensation for current production indexQ. Based on the current production indexQ, a data-driven method is used to obtain the compensation Q of the current production index. Through updating compensation value Q iteratively, the economic benefits of the production process is improved gradually.
In the neighborhood of the current production indexQ, according to Taylor's expansion, the optimal economic benefit J (Q * ) can be expressed as:
where δ is the high order infinitesimal. The above formula can be expressed as follows:
where J = J (Q * )−J (Q) and Q = Q * −Q. A relationship between J and Q in the neighborhood of the current production indexQ can be established:
Then, the compensation value Q of the current production Q can be obtained by solving the following problem:
IV. A DATA-BASED COMPENSATION METHOD
In the actual production process, the relationship between economic benefits J and production index J is very complicated. Based on the above ideas, this study proposes a datadriven compensation method. However, In the neighborhood of the current production indexQ, a linear model can be used to represent the approximate relationship between J and Q. In order to obtain relevant data to the current production index, in a large amount of historical data, Just-intime (JIT) is a very suitable tool. Using the data obtained by JIT, a linear model was built using the partial least squares algorithm (PLS). Then, the compensation value of the current production index is calculated, and the result is applied to the actual production process as the set point of the basic control loop (e.g. PID for the production index). The specific structure is shown in Figure 2 :
A. JIT BASED PLS MODELING With the advancement of automation level, a large amount of industrial production data is accumulated. The traditional data modeling method uses these data to establish a global model offline. However, the built model cannot deal with the time-varying characteristics of the industrial production process, resulting in a decline in prediction performance [20] . The JIT method is a local learning modeling method. It queries and compares similar data from the historical database according to the current query data, and then establishes a local model suitable for the current production conditions online. The current model is no longer used for the next query data and needs to be remodeled [21] . JIT is started when there is query data update, instead of using whole existing data to establish a global model, a local model is built for each selected similar data, which can more accurately describe the characteristics of the model near the query data and improve the model accuracy and adaptability [22] . Using the idea of JIT, firstly, according to the current production index, historical data similar to the current production conditions are found from the historical database, and the local model is established by using the data, suppose the historical database includes N production process data (J i , Q i ) i=1,2,...N , J i ∈ R, Q i ∈ R n ,R is reals,R n is ndimensional Euclidean space, and the current production process data is represented by (Ĵ ,Q). The similarity between the current production indexQ and the historical production VOLUME 7, 2019 index Q i can be calculated by:
In the formula, s i ∈ [0, 1] is used to indicate the degree of similarity between the current production indexQ and the historical production index Q i . The larger the value s i is, the greater the sample similarity.
If (8) is satisfied, then the corresponding data is selected for modeling where δ s is the threshold of s i (δ s =0.8 in this paper).Thus, n pieces of historical data (J m , Q m ) m=1,2,...n , J m ∈ R, Q m ∈ R n are selected for modeling.
Through (9),n pieces of data (
Then following PLS model is established [23] - [25] .
The matrix T is the score matrix. P and Q are the load matrices of X and Y , respectively, E and F are the residual matrices of X and Y , respectively. From (10), the linear model J = H ( Q) is obtained.
B. CALCULATION OF COMPENSATION VALUE
Using the obtained model J = H ( Q) in (10), the compensation value Q can be calculated by (11):
ϕ is a combination of the SPE and T 2 indices weighted by their control limits, where δ 2 and τ 2 are the control limits for the SPE and T 2 indices, respectively. ζ 2 is the control limit for the combined index ϕ. In order for the compensation value Q to conform to the modeling history data distribution characteristics, ϕ must be less than or equal to ζ 2 [28] . In actual production, the production index Q and compensation value Q must be within the limits of the process conditions. Q L is the lower limit for the Q,and Q U is the upper limit for Q.in order to prevent Q from changing too much, the change rate of Q is limited by the up limit Q U and the lower limit Q L .
C. IMPLEMENT OF THE PROPOSED METHOD
When the optimization problem represented by (11) is solved, the optimization result Q and corresponding economic benefit increment J are obtained. when (12)is satisfied, the compensation value Q is applied to the actual process, where is the user defined threshold. In summary, the flow chart of optimizing the set iterative compensation is shown in Figure 3 . The production index iterative compensation steps are as follows:
Step 1: get the current working point (Ĵ ,Q);
Step 2: use (7) to select historical data related to current production index from the historical database and use the PLS method to establish the model J = H ( Q) ;
Step 3: solve the optimization problem by (11);
Step 4: if the optimization result satisfies (12),Q + Q will be applied to the actual production process and return to Step 1. Otherwise, keep the currentQ. Table 2 shows the detailed procedure of the production index iterative compensation.
Production index iterative compensation system architecture is shown in Figure 4 .The historical data server obtains the practical process data through the industrial sensors and control network and stores it in the database. Modeling data approximate to the current operating conditions is provided to the compensation value calculation computer. The compensation value calculation computer uses the proposed method to calculate the compensation value.In the end, the compensation value is implemented into the practical process.
V. SIMULATION RESEARCH AND RESULTS ANALYSIS
The effectiveness of the proposed method was verified by simulation experiments and off-line experiments.
A. SIMULATION
A gold refinery simulation model was used in the simulation [2] , [3] , [26] , [27] . A large amount of production data was generated by simulation model to verify the effectiveness of the proposed method. The current production indexQ and economic benefitĴ of the simulation model are shown in Table 3 .
Using JIT ideas, 106 historical data similar to the current production index are obtained from 5,000 historical data for PLS modeling, and the compensation Q and economic benefit increment J are obtained as shown in the Table 4 for the first iteration.
In the simulation, δ is 0.01, and (12) is satisfied. The obtained compensation value Q is applied to the simulated process. The iterative compensation is performed according to the proposed method, and the iteration is performed 11 times in total. The result is shown in Figure 5 .
It can be seen from Figure 5 that after 11 times of compensation for the production index, the economic benefit J of the simulation model is increased by 21%.Adjusting production index through manual operation cannot effectively improve economic benefit J .
B. OFF-LINE EXPERIMENT
With the progress of production, the industrial plants has accumulated a large amount of production data. We use production data of a gold refinery in 2014 to calculate the production index compensation value Q and economic benefit increment J using the proposed method, and then compare it with the actual production index compensation value Q and economic benefit increment J in 2015. Although we are unable to control the production of the actual process, the off-line experiment using real data can be used to verify the effectiveness of the proposed method. The result is shown in Table 5 and Table 6 .
It can be seen from Case 1 and Case 2 of the Off-line experiment that the calculation results of the proposed method are similar to those of the actual process. In Case 1, the Q obtained from historical data is very close to the Q of the actual production process, and the economic benefit improvement is 14.4% higher than that of the actual result. This case shows that the proposed method can actually improve economic benefit. In case 2,the actual production process enters a new working point after the first compensation. At the new working point, the proposed method uses historical data to obtain a new compensation value Q, which is also close to the actual value Q , and the economic benefit improvement is 10.7% higher than that of the actual result. The Case 2 shows that the proposed method can be used to iteratively compensate the production index. The off-line experiment result verify the effectiveness of the proposed method.
VI. CONCLUSIONS
Due to the complex reaction mechanism, long process flow and numerous sub processes of the hydrometallurgical production process, operators usually base on operational experience do the adjustment of production index, and it can't effectively improve production economic benefits in the actual production process. The hydrometallurgical industry urgently needs a simple and practical production index compensation method. A method based on industrial big data is proposed to compensate the production index of hydrometallurgical process in this paper. Using the data obtained by JIT, a linear model is built using the partial least squares algorithm (PLS). Then, the compensation value of the current production index is calculated, and the result is applied to the actual production process. The effectiveness of the proposed method is verified by simulation and off-line experiments.
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